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Abstract

In this paper, a memory-based pars-
ing method is extended for han-
dling compositional structures. The
method is oriented for learning to
parse any selected subset of target
syntactic structures. It is local, yet
can handle also compositional struc-
tures. Parts of speech as well as em-
bedded instances are being used si-
multaneously. The output is a par-
tial parse in which instances of the
target structures are marked.

1 Introduction

A variety of statistical methods were pro-
posed over the recent years for learning
to produce a full parse of free-text sen-
tences (e.g., Bod (1992), Magerman (1995),
Collins (1997), Ratnaparkhi (1997), and
Sekine (1998)). In parallel, a lot of work is
being done on shallow parsing (Abney, 1991;
Greffenstette, 1993), focusing on partial
analysis of sentences at the level of local
phrases and the relations between them.

Shallow parsing tasks are often formu-
lated as dividing the sentence into non-
overlapping sequences of syntactic struc-
a task called Most
of the chunking works have concentrated
on noun-phrases (NPs, e.g. Church (1988),
Ramshaw and Marcus (1995), Cardie and
(1998), Veenstra (1998)). Other
chunking tasks involve recognizing subject-
verb (SV) and verb-object (VO) pairs (Arga-
mon et al., 1999; Munoz et al., 1999).

tures, chunking.

Pierce

The output of shallow parsers is useful
where a complete parse tree is not required
(e.g., classification, summarization, bilingual
alignment). The complexity of training full
parsing algorithms may therefore be avoided
in such tasks. On the other hand, full pars-
ing has the advantages of producing composi-
tional structures, finding multiple structures
simultaneously, and using sub-structures for
inference about higher-level ones. While shal-
low systems typically make use of single-word
data, a full parser can use higher-level struc-
tures in a compositional manner, e.g., a NP
for identifying a VP, or a conjunction of NPs
in order to identify a longer NP.

A partial parser is typically concerned only
with a small number of target syntactic pat-
terns, and may therefore require less train-
That would not be the
case when evaluating a full parser on selected

ing information.

target patterns, because its training mate-
rial would still include full parse-trees labeled
with other patterns as well.

The approach presented here, of trainable
partial parsing, attempts to reduce the gap
between shallow and full parsing. It is an ex-
tension of shallow parsing towards handling
composite and multiple patterns, while main-
taining the local nature of the task, and sim-
plicity of training material.

One approach to partial parsing was pre-
sented by Buchholz et al. (1999), who ex-
tended a shallow-parsing technique to partial
parsing. The output of NP and VP chunk-
ing was used as an input to grammatical rela-
tion inference. The inferences process is cas-
caded, and a clear improvement was obtained
by passing results across cascades.



Another approach for partial parsing
was presented by Skut and Brants (1998).
Their method is an extension of that of
Church (1988) for finding NP’s, achieved by
extending the feature space to include struc-
tural information. Processing goes simultane-
ously for structures at all levels, from left to
right. Since there are no cascades, the struc-
tural level of the output is limited by that of
the feature set.

This paper presents an extension of the
algorithm of Argamon et al. (1998, 1999,
hereafter MBSL), which handles and ex-
ploits compositional structures. MBSL is a
memory-based algorithm that uses raw-data
segments for learning chunks. It works with
POS tags, and combines segments of various
lengths in order to decide whether part of the
sentence may be an instance of a target pat-
tern. As a memory-based algorithm, it does
not abstract over the data during training,
but makes the necessary abstractions during
inference - for each particular instance.

In extending MBSL, which is a flat method,
we have kept the structure of the inference
This pa-

per describes the extended version in a self-

mechanism and its local nature.

contained manner, while elaborating mostly
on the extensions needed to handle composi-
tional cases. Section 2 describes the partial
parser. Results for NP and VP are presented
in Sec. 3, followed by a short discussion in
Sec. 4.

2 Algorithm

The training phase receives a list of target
types of syntactic patterns that need to be
identified (e.g., NP and VP), and a training
corpus in which target pattern instances are
marked with labeled brackets. It then stores
raw-data statistics about these instances in a
memory data structure. The parsing phase
receives a sentence to be parsed and identi-
fies instances of the target patterns based on
the information stored in the memory. In the
remainder of the paper we mostly adopt the

terminology of the flat version.

2.1 AnlIll n 1

Suppose the training data contains the sen-
tences as in ig. 1, and the sentence to be

parsed is

and consider the task of finding VPs.

very range of words in the sentence is con-
sidered a for being a VP. The flat
MBSL algorithm tries to support that hy-
pothesis by matching POS subse uences of
the candidate (and possibly some of its sur-
rounding context) with subse uences of VPs
that appeared in the training corpus. These
subse uences, called
least one VP boundary bracket.

, should contain at

In the example above, consider the range
of words 4-8 as a candidate VP. That POS
se uence does not appear as a complete VP
in training, but some of its tiles do appear
and can provide supporting evidence. The tile

provides a positive evidence

because the only appearance of is
at the beginning of a VP. On the other hand,
provides a weaker evidence because

appears twice before a VP but three

times in other positions. Accordingly, each

), specify-
ing the number of times the POS se uence ap-

tile has a positive count (  _

peared in training at the same position within
the VP as it appears within the candidate,
), specifying
the number of times the se uence appeared in

and a negative count (  _

other positions. or we have
- 1 and - , while for
- 2 and - 3.

Tiles in the flat version are comprised of
POS se uences only. The compositional al-
gorithm considers also embedded structures,
hence a tile may accordingly include also pat-
tern labels that stand for a complete pattern
instance (typically a phrase).

Some of the
tional algorithm are presented in

tiles used by the composi-
ig. 2. Tiles
1- are composed of POS only, and can be
used by the flat version too. Among these
tiles, Tiles 2 and 3 provide evidence for the

range 4-8 being a VP because together they
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